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Abstract
Long-Term Reliability Analysis of
Wave Energy Converters
Jarred David Canning, M.S.E.
The University of Texas at Austin, 2017
Supervisor: Lance Manuel
Due to the highly stochastic nature of the ocean environment, offshore
structures need to be designed to withstand widely varying forces without
compromising performance. In particular, wave energy converters (WECs)
are devices that aim to capture power from incoming waves while remaining
structurally intact for a planned deployment period. The structural integrity of
these WECs comes into question if the device encounters a rare and violent sea
state. This study analyzes different techniques used to derive long-term loads
for two wave energy devices. In addition, comparisons are made between the
methods in terms of efficiency and accuracy. For one device, called Reference
Model 3 (RM3), a binning scheme is utilized over all sea states to predict long-
term loads using direct integration. It is found that the selected binning grid is
too coarse for a fair comparison to be made to the results from another method,
vii
the environmental contour method. For the second device, a centipod model,
parametric fitting is employed to describe the metocean wave data as well as
for short-term extreme response distributions obtained from WEC response
simulation. The long-term response predictions from the different methods
are shown to be reasonably consistent with each other in terms of accuracy
and uncertainty estimates. Direct integration over all sea states and the use
of Monte Carlo simulations lead to consistent prediction of rare long-term
loads as long as the discretization of the metocean data (in the integration)
is fine enough. Additionally, in direct integration, increasing the number of
simulations around sea states with high expected loads decreases the long-term
response variability and helps to yield consistent and accurate results.
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Chapter 1
Introduction
In order to maximize power generated from wave energy converter
(WEC) devices, they must be able to sustain operation in a range of envi-
ronmental conditions at the deployment site. The design of these generators
and their survivability has been a challenge since the very first patents for
wave energy conversion were awarded in the 1980s [12]. The prediction of pos-
sible extreme loads that a wave energy device might encounter is an important
problem that engineers and WEC designers need to address. Accordingly, the
reliability analysis based on computational modeling of WEC devices under all
possible sea conditions is vital for assessing sustainability and performance [9].
Due to the highly variable nature of the seas, such reliability methods are prob-
abilistic in nature and must employ statistical distributions for wave data and,
because of the excessive cost of physical testing, the methods must increas-
ingly rely on model-based simulations. Some of these methods require a very
large amount of simulations to achieve accurate estimates of rare and large
long-term loads; however, more efficient and less expensive alternative meth-
ods are also being considered. Guidance documents and standards [25], [18]
offer recommendations on long-term load computation approaches for WECs
and other marine energy structures.
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This study deals with the long-term reliability analysis of two different
WEC models: Reference Model 3 (RM3) and a centipod model [7]. Section 2
discusses the methods and results for RM3 and while Section 3 discusses the
centipod model. Conclusions regarding the accuracy and efficiency of the
reliability methods for each WEC are included.
2
Chapter 2
Long-Term Response of the Reference Model
3 WEC Device
Of interest in this study is the long-term response and performance of
a two-body wave point absorber (Reference Model 3), which serves as a wave
energy converter (WEC). In a previous study [20], the short-term uncertainty
in this device’s response was studied for an extreme sea state. We now focus
on the assessment of the long-term response of the device where we consider
all possible sea states at a site of interest. We demonstrate how simulation
tools may be used to evaluate the long-term response and consider key perfor-
mance parameters of the WEC device, which are the heave and surge forces
on the power take-off system and the power take-off extension. We employ
environmental data at a designated deployment site in Northern California.
Metocean information is generated using approximately 20 years of data from
this site (National Data Buoy Center site no. 46022). For various sea states,
a selected significant wave height and peak period are chosen to describe rep-
resentative conditions. Then, using a public-domain simulation tool (Wave
Energy Converter Simulator or WEC-Sim), we generate various short-term
time-domain response measure for these sea states. Distribution fits to ex-
treme response statistics are generated for each bin that represents a cluster
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of sea states using the open-source toolbox, WDRT (WEC Design Response
Toolbox). Long-term distributions for each response variable of interest are
estimated by weighting short-term distributions by the likelihood of the sea
states; from these distributions, the 50-year response can be derived. The 50-
year response is also estimated using an approximate but more efficient inverse
reliability approach. Comparisons are made between the two approaches.
2.1 Introduction
In order to maximize the power generated, a wave energy converter
(WEC) must be able to operate safely under various environmental conditions
at the site of deployment. A reliability analysis based on modeling of the re-
sponse in all relevant sea states is critical in assessing the performance and
design life of a WEC [9]. This study addresses the long-term reliability anal-
ysis of the Reference Model 3 (RM3) WEC [23] at a selected site of interest.
In particular, we aim to estimate the 50-year return period values for various
response/load variables. We begin by describing the WEC and environmental
data from the selected deployment site (NDBC 46022) [1]. We then describe
the problem formulation of estimating the 50-year response using both di-
rect integration as well as a useful and efficient first-order reliability method
(FORM) [19, 31, 39]. Numerical studies and results of the analyses are pre-
sented and elaborated on for the different response variables that include the
heave force on the power take-off (PTO), the surge force on the PTO, and the
PTO extension.
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2.2 Reference Model 3
The RM3 WEC is a two-body point absorber that consists of a floating
body that oscillates along a spar cylinder with a submerged reaction plate.
This device captures power via the heave motion of the float relative to the
spar [23]. Although the operating conditions for this device call for several
units to be deployed in an array at the selected location [23], the present study
considers the response of only a single device. When deployed, multiple devices
are typically arranged in an array and connected by mooring line systems [23].
Due to the power generation characteristics of the device, we consider
the heave force on the PTO as one of the key variables of interest for a mean-
ingful reliability analysis. Additionally, we examine the PTO extension as well
because the mechanical design of the device must be sufficient to accommo-
date expected large displacements. The last response variable we study is the
surge force on the PTO, which is essentially a bearing restraint force for the
PTO system. This force is perpendicular to the motion of the float; hence,
its response is associated more with mechanical reliability than with power
production. Figure 2.1 shows schematic drawings with dimensions of the RM3
device. Various properties of the RM3 model are given in Table 2.1.
2.3 Metocean Data
We consider historical wave-related data for the selected deployment
site, which is the National Data Buoy Center (NDBC) station 46022, located
near Eureka, California [1]. Data sampled for this analysis were from the
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period from 1996 to 2015. Pairs of significant wave height, Hs, and energy
period, Te, were obtained from the NDBC data via spectral analysis. In our
device response simulations, we convert the energy period values to the spectral
peak period, Tp [40]. This conversion is carried out by using the equation
presented in Table A.2 of Reference [33] and by assuming that the waves follow
a JONSWAP spectrum. The resulting (Hs, Tp) pairs describe the various sea
states in the data. Figure 2.1 summarizes the data for this site and also shows
the 50-year environmental contour. We use these observed pairs of significant
wave height and peak period to help establish input parameters needed to
study in the device response simulations discussed later. The site data are
also used to define the 50-year environmental contour [8].
2.4 WEC Response Simulations
In order to simulate the performance of the device in different sea states,
we employ the open-source simulation software, WEC-Sim [40]. This software
tool takes the physical properties of any WEC device along with sea state
information (to define the waves) as input and produces several performance-
related output quantities, such as the response variables that are analyzed in
this study. Figure 2.3 shows the RM3 model developed in Simulink using the
WEC-Sim library. Each response variable is output as a time series. Rep-
resentative 200-second segments of such response time series along with the
sea surface elevation are shown in Figure 2.4 for a single selected sea state.
Power spectral density function plots for the same sea state are displayed in
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Figure 2.5. We discuss in a subsequent section how we choose to carry out
15 one-hour simulations for each selected sea state in order to gain sufficient
data on extreme values. These results will be used in our long-term reliability
assessment.
2.5 Extreme Response Statistics
The output time series from WEC-Sim are used with another open-
source software tool, WDRT, to obtain estimates of various short-term ex-
treme response distributions [8]. In the present study, this software tool is
used to fit a Weibull distribution to the maximum response values from each
simulation. Weibull fits to the short-term response data for each sea state are
then used in the 50-year load prediction. The software tool is also used to
establish environmental contours that define critical sea states identified us-
ing a principal components analysis (PCA) methodology [8]. These sea states
enable efficient estimation of 50-year response levels using the environmental
contour method that can be compared with a more rigorous procedure that
involves integration of short-term response extreme distributions weighted by
the likelihood of all sea states involved.
2.6 Problem Formulation
To begin, we divide the environmental (Hs, Tp) data into discrete bins.
We note that most sea states are associated with low significant wave heights
and short periods. While more severe sea states have the potential to cause
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higher device response and load levels, they occur far less often. Both the
relative likelihood and the possibility of higher response levels influence the
long-term reliability of the device.
We select (Hs, Tp) bins by even discretization in both significant wave
height and peak period. In this study, the significant wave height discretization
is 1.5 meters and the peak period data is 3 seconds, as shown in Figure 2.6.
The weight or probability of occurrence of each bin, needed in the long-term
reliability computation by direct integration, is taken as the number of data
in that bin divided by the total number of data. Additionally, to avoid the
very low-probability areas, certain bins were not considered if the number of
data in those bins was less than 20. This approximation can be relaxed and
sea states in the omitted bins can be easily studied to make sure that they do
not cause large WEC response levels, which might make them important even
if their occurrences are rare.
For each bin, a sea state shown with an asterisk in Fig. 2.6 is selected
as being representative of that bin and is used in subsequent computation for
the long-term reliability assessment by the direct integration method.
2.6.1 Direct Integration
In this approach, we obtain the long-term probability distribution for
any load, Y , by weighting the short-term load distributions (conditional on
Hs, Tp, together denoted as X) for the selected bin by the probability of
occurrence of that bin. The theoretical and discrete forms of this computation
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are as follows:
PT = P (Y > y) =
∫
P [Y > y|x]fX(x)dx (2.1)
=
∑
P [Y > y|x]P (x) (2.2)
Here, P (Y > y|x), obtained by WEC-Sim response simulations and WDRT
Weibull fits for the representative bin, represents the (conditional) short-term
load distribution for the bin and P (x) is the weight or probability of that bin.
Equation (2.2) is evaluated for any specified value of y. In this study, we are
especially interested in the value of y that is the 50-year load, which occurs
when the total probability computed using Eq. (2.2) using 1-hour response
extremes is equal to 1/(50× 365.25× 24) or 2.28× 10−6.
2.6.2 Inverse FORM: Environmental Contour (EC) Method
An alternative long-term reliability analysis involves use of the environ-
mental contour method. This method requires a search along a constructed
50-year environmental contour in (Hs-Tp) space for the largest median extreme
response in 1 hour of the response/load, y. The 50-year environmental con-
tour is computed using WDRT. Along this contour, 20 additional sea states
were selected and simulated. Figure 2.7 shows the selected sea states along
the contour used in this inverse FORM calculation (using the environmental
contour method). The largest of all the median 1-hour extreme response in
a bin that is intersected by the 50-year environmental contour is the 50-year
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load obtained in an alternative manner to the approach used by Eq. (2.2). The
environmental contour method yields only approximate 50-year loads, Y50; the
accuracy of these EC estimates decreases as the variability in the load, Y ,
increases.
2.7 Numerical Studies
2.7.1 Short-Term Load Statistics
The short-term response of the RM3 device was the subject of an earlier
study by the author and collaborators [20]. Typically, time-domain response
simulations are carried out in reliability analysis studies and extremes over
the simulation duration are studied statistically [2]. In this study, the largest
response value from each 1-hour simulation is recorded and used to define
the short-term distributions. This yields 15 maximum values per bin (one
from each of the 15 simulations per bin) which are then fitted with a Weibull
distribution to establish the short-term load distributions. These fits are used
in Eq. (2.2) to produce the direct integration solution.
Unlike direct integration, the EC method only requires the median
maximum response from 15 simulations; it ignores the variability in the re-
sponse conditional on the sea state wave height and period values. The EC
method is approximate; it is of interest then to study the variability in the
response. EC-based 50-year estimates may be greater if response variability
is accounted for. A measure of the variability (quantified here as the ratio of
the 84th percentile 1-hour extreme response to the median extreme response)
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was determined for each sea state along the contour in Fig. 2.7. Figure 2.8
shows EC 50-year response values for the WEC heave force, surge force, and
PTO extension. In each figure, the median extreme response (top) and the
variability in response in each sea state (bottom) are presented.
It can be seen that the variability in each response varies consider-
ably over the different sea states and the different response measures show
contrasting degrees of variability (see the lower-half plots in the figures). The
variability in response in each sea state may influence the accuracy of EC-based
50-year response predictions Y(50,EC). The accuracy of EC (2-D I-FORM) can
be improved by using 3-D I-FORM which also includes response uncertainty.
Additionally, adjustments to EC 50-year estimates can be also applied, if un-
certainty is accounted for in the simulations.
Figure 2.9 summarizes the short-term probability distributions for a
single sea state associated with a critical conditions for 50-year loads, where
Hs = 7.6 m, Tp = 12.5 s. This figure shows the 15 1-hour heave force, surge
force, and PTO extension extremes, respectively, for this sea state along with
Weibull distribution fits to the data.
2.7.2 Long-term Response
Figure 2.10 shows long-term probability distributions for all three load/response
variables of interest. These distributions are obtained using Eq. (2.2). The
50-year levels in each case are indicated by red circles corresponding to prob-
ability of exceedance (PoE) levels equal to 2.28× 10−6.
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Table 2.2 compares 50-year loads based on direct integration (Eq. (2.2))
and the environmental contour (EC) method. The direct integration method
appears to yield unconservative 50-year values for both heave and surge forces
on the PTO. In the present study, due to the rather coarse discretization of the
Hs-Tp space employed, the direct integration method’s estimates themselves
may be improved before drawing conclusions about the EC method’s accuracy.
2.8 Conclusions
In an earlier study, the short-term response of the RM3 WEC device
was studied as a function of wave height alone [20]. The present study was
concerned with prediction of 50-year values for various measures of interest for
the RM3 device at a site of interest. Metocean Hs-Tp data for the site were
employed and using representative sea states, long-term loads were computed
using both direct integration and the environmental contour (EC) method.
Planned future work will employ a finer discretization of the sea states
to improve the accuracy of the direct integration method’s estimates of long-
term loads. Also, corrections can be applied to the EC predictions to help
account for omitted response variability. As well, a greater number of sim-
ulations will be run both on and within the environmental contour so that
the alternative more general 3-D inverse reliability method may provide more
accurate estimates of long-term loads that go beyond the EC method and can
account for response variability [21, 29].
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Figure 2.1: Dimensions and schematic drawings of the RM3 device [23]
Figure 2.2: Environmental data and 50-year contour from the NDBC 46022
site [1]
13
Figure 2.3: RM3 model developed using the WEC-Sim Library
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Figure 2.4: Time series plots of (a) sea surface elevation, (b) heave force, (c)
surge force, and (d) PTO extension for a sea state where Hs = 7.6 (m), Tp =
12.5 (s).
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Figure 2.5: Power spectral density plots of (a) sea surface elevation, (b) heave
force, (c) surge force, and (d) PTO extension for a sea state where Hs = 7.6
(m), Tp = 12.5 (s).
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Figure 2.6: Bins selected for the study.
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Figure 2.7: Sea states along the 50-year contour used in the environmental
contour method.
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Figure 2.8: 50-year responses (top) and variability ratios (bottom) for heave
force, surge force, and PTO extension.
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Figure 2.9: Short-term probability distribution fits to the 1-hour extreme re-
sponse data of (a) heave force, (b) surge force, and (c) PTO extension for a
sea state Hs = 7.6 (m), Tp = 12.5 (s).
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Figure 2.10: Long-term probability distributions for the 1-hour extreme re-
sponse: (a) heave force, (b) surge force, and (c) PTO extension.
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Table 2.1: RM3 Model Properties
Float Full-Scale Properties
CG (m) Mass (tonne) Moment of Inertia (kg-m2)
0
727
20.9E6 0 0
0 0 21.3E6 4.3E3
-0.72 0 4.3E3 37.1E6
Plate Full-Scale Properties
CG (m) Mass (tonne) Moment of Inertia (kg-m2)
0
878
94.4E6 0 0
0 0 94.4E6 2.2E5
-21.29 0 2.2E5 28.5E6
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Table 2.2: Fifty-year response values based on the direct integration and EC
methods
Response Direct Integration Environmental contour
Heave Force (MN) 3.49 3.45 (8.6 m, 12.5 s)
Surge Force (MN) 1.60 1.44 (6.1 m, 9.2 s)
PTO Extension (m) 5.82 6.11 (11.1 m, 16.7 s)
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Chapter 3
Long-Term Response of the Centipod WEC
Device
3.1 Centipod Model
The WEC model used in this study is a point absorber with the geom-
etry of a centipod (shown in Fig. 3.1). The device’s mass is 78,000 kg and the
resting waterline is at its hemisphere. The float is an oblate spheroid with a
vertical axis of symmetry, and with principal radii, r1 equal to 4.5 meters and
r2 equal to 1.8 meters [7].
The device is connected to the ground via a power take-off (PTO) sys-
tem and the motion is restricted to a single degree of freedom in the vertical
direction (transverse to the direction of incoming waves). Using the boundary
element method software WAMIT [37], we can estimate important hydrody-
namic properties of the device. Because the device is confined to one degree of
freedom in the vertical direction, our quantities of interest in this study will be
the displacement (extension) and force on the PTO. The PTO force is directly
related to the captured power of the WEC and the PTO extension relates to
the design and fatigue of the device.
The results from three different long-term response predictions methods
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Figure 3.1: WEC model geometry and components
for our WEC model are presented later in this chapter. When comparing the
values from each of the methods, it is important to note both the accuracy
and the computational time associated with each method. Conclusions and
discussions are included at the end.
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3.2 Metocean Data
The NDBC (National Data Buoy Center) Station 46022 is located off
the coast of Eureka, California and reports wave data on an hourly basis. Pairs
of significant wave height, Hs, and peak wave period, Tp, were obtained from
this station using WDRT [8]. The resulting data covering the period from 1996
to 2016 are presented in Fig. 3.2 [1], which contains nearly 1.5× 105 sea state
realizations. There is a large density of points from 1 m ¡ Hs ¡ 4 m and 6 s ¡ Tp
¡ 15 s, which means that these sea states occur more often than those outside
of these bounds. Although these sea states are more frequent, their ability to
produce large response loads is also important when assessing long-term loads.
Figure 3.2: Sea states at NDBC 46022 from 1996 to 2016
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For the two variables of interest, Hs and Tp, various derived statistical
parameters and distributions are summarized here. In this study, parametric
distributions were used to fit to the data. For the marginal distribution of Hs,
a two-parameter Weibull model is used with scale factor, α, and shape factor,
δ; thus, we have:
fHs(h) =
δ
α
(h
α
)δ−1
exp
(
−
(h
α
)δ)
(3.1)
To go with the marginal distribution for Hs, a lognormal conditional
distribution for Tp given Hs is also fit to the data such that the mean and
standard deviation of ln(Tp) are now functions of Hs (see also Fig. 3.3); thus,
we have:
fTp|Hs(t|h) = 1√2piζ(h)t exp
(
− 1
2
(
ln t−λ(h)
ζ(h)
)2)
λ(h) = a1 + a2h+ a3h
2 + a4h
3
ζ(h) = b1 + b2h+ b3h
2
(3.2)
For discrete bins of Hs values, parameters of the conditional probabil-
ity density function, fTp|Hs(t|h), are also estimated by the maximum likelihood
method and these estimates are then used to yield the two functions in Eq.
(3.2) using ordinary least-squares regression. These regression-generated con-
stants that define the conditional distribution parameters, as well as the α and
δ parameters from the marginal Hs distribution, are presented in Table 3.1.
This parametrization of the Hs-Tp space is useful for sampling random
sea states and determining environmental contours.
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Table 3.1: Constants related to the Parameters for the Marginal Distribution
of Hs and the Conditional Distribution of Tp (given Hs) for the NDBC 46022
Station.
α δ a1 a2 a3 a4 b1 b2 b3
2.7528 2.264 2.3918 -0.0688 0.030 -0.0018 0.2118 -0.0053 -0.0011
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Figure 3.3: Regression-based fits to (a) the conditional mean and (b) the
conditional standard deviation of ln(Tp) given Hs for the NDBC 46022 station.
For our study, we will select certain sea states as well as generate ran-
dom Hs and Tp combinations. We will consider the metocean conditions to be
defined by a JONSWAP spectrum (Joint North Sea Wave Project) using the
significant wave height, peak period, and a peakedness factor of γ = 3.3 [16].
To produce wave elevation histories in the time domain, irregular waves are
simulated with amplitudes given based on the JONSWAP spectrum that are
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combined with random phases [7].
3.3 WEC Response Simulations and Extreme Statistics
In order to simulate the response of the centipod for various sea con-
ditions, a Python script developed by Sandia National Laboratories was used
[7]. This script accepts the WEC properties and wave excitation information
as inputs and produces several output response processes, including the quan-
tities of interest in this study (extreme PTO motions and forces) A flow chart
presented in Fig. 3.4 shows various input parameters and output processes
that are related to this time-domain solver.
Figure 3.4: Simulation inputs and outputs for the centipod WEC model.
In Fig. 3.4, A(ω) is the added-mass frequency response function (FRF),
B(ω) is the radiation damping FRF, A∞ is the infinite-frequency added mass,
cPTO is the PTO damping factor, cquad is the quadratic viscous damping, m
is the mass of the device, and AWP is the area of the water-plane. Also,
H(ω) is the complex excitation FRF, and ζ(ω) is the frequency dependent
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wave spectrum. The PTO motion and force, z(t) and FPTO(t), respectively,
are the output processes of interest from the time-domain solver. The 1-
hour extreme from the time series of each response will be used to establish
short-term extreme values and their distributions. This methodology is used
in both the long-term response prediction methods considered in this work.
Figure 3.5 shows a typical 200-second portion of the response time series and
wave elevation at a selected sea state. Figure 3.6 displays the power spectral
density function plots for these time series in the selected sea state.
Figure 3.5: Representative time series at Hs = 3.75 meters, Tp = 14.5 seconds
for a) wave elevation, b) PTO extension, and c) PTO force
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Figure 3.6: Representative power spectral density functions at Hs = 3.75
meters, Tp = 14.5 seconds for a) wave elevation, b) PTO extension, and c)
PTO force.
3.4 Problem Formulation
In this study, we use two different procedures to predict long-term
loads on the selected centipod WEC model and compare them with results
from Monte Carlo simulation (MCS). The outline for both of these methods is
to: 1) characterize the metocean data, 2) simulate the WEC model response
in the derived sea states for some duration of time, and 3) extract short-term
extreme loads that are then used to assess the long-term loads. For both
methods, a sea state simulation duration of one hour is used. The results from
these methods are given in Section 3.5 along with a brief discussion on their
29
implications in long-term design.
3.4.1 Direct Integration
A computationally expensive technique commonly used to predict long-
term loads is direct integration. This approach integrates the short-term
weighted response from a selection of sea states to estimate the long-term
response. The general direct integration formulation is an application of the
Law of Total Probability in the following form:
PT = P (L > l) =
∫
h
∫
t
P [L > l|(h, t)]fHs,Tp(h, t)dhdt (3.3)
where PT is the exceedance probability, l is a specified load level, and fHs,Tp(h, t)
is the joint probability function of Hs and Tp. Changing the load level l will
yield different values of PT . One can systematically change l and integrate over
all relevant sea states to obtain the full long-term distribution. Conversely, if a
specific load for a given exceedance probability is desired, then one can iterate
Eq. (3.3) until the target probability is reached.
In this work, we generate a grid over the sea state space and select
representative (Hs, Tp) pairs to simulate. We do this because full integration
of the sea state space, much like Monte Carlo simulations, would require a very
large number of simulations over a wide variety of sea states. To reduce the
computational effort required, we use the gridding scheme shown in Fig. 3.7,
where the stars indicate the representative sea states. These representative sea
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states are named so because results from simulation for only these sea states
will be assumed to represent the whole bin.
Figure 3.7: Grid used in the direct integration analysis. Starred values are the
representative sea states for each bin.
Because of the gridding scheme, the double integral in Eq. (3.3) reduces
to a double sum over the applicable bins:
PT = P (L > l) =
∑∑
P [L > l|(h, t)]fHs,Tp(h, t)∆h∆t (3.4)
where ∆h and ∆t are the relevant bin sizes, which are assumed constant in
this study.
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For each representative sea state, 15 simulations were initially run with
more simulations added later to obtain converged short-term distributions.
From each simulation, the 1-hour extreme value from the time series was ex-
tracted. Then, the short-term extreme distribution for each bin was estab-
lished by fitting a Weibull distribution to the 1-hour extreme values from each
representative sea state (the Weibull CDF is given in Eq. (3.5)).
FST (x) = 1− e−( xα)
β
(3.5)
where α and β are the scale and shape parameters of the distribution, respec-
tively. These values are obtained from the Weibull fit to the highest 50% of
the 1-hour extreme values from each bin.
The joint probability for each sea state is found using the density func-
tions given in Eqs. (3.1) and (3.2) for the representative sea states and for
each bin. Performing the summation indicated in Eq. (3.4) will yield an ex-
ceedance probability associated with any load level, l. Since we are considering
50-year response values based on one-hour simulations, our target value for PT
is 1/(50×365.25×24) = 2.281×10−6. Either by iterating Eq. (3.4) or plotting
the long-term distribution, we can estimate long-term loads associated with
this exceedance probability.
3.4.2 Inverse FORM: Environmental Contour Method
The simplest of the long-term prediction methods used in this study is
the environmental contour method. For WEC design, contour analyses have
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become increasingly popular in predicting long-term loads [5, 7, 14]. In this
method, one generates a contour of sea states that is associated with a desired
return period. Simulations are performed for sea states along the contour
followed by a search for the maximum median response. Once this load is
identified, its value and its corresponding sea state become the design load
and controlling sea state. Unlike direct integration and Monte Carlo simula-
tion, the environmental contour method doesn’t rely on excessive computation.
However, because only median loads are considered and because response vari-
ability is not accounted for, there is a sacrifice in accuracy with this technique
compared to the other two. To account for response variability, correction fac-
tors are sometimes used with this EC method [2, 32]. In the present study, we
will employ the maximum median response and add one standard deviation
level to approximately count for ignored response variability.
In this study, the 50-year contour for NDBC 46022 was determined
using the Rosenblatt Transformation [17, 30]. This process maps Hs and Tp
into independent standard normal (Gaussian) variables U1 and U2 as follows:
U1 = Φ
−1FHs(h)
U2 = Φ
−1FTp|Hs(t|h)
(3.6)
where Φ(· )−1 is the inverse cumulative distribution function of a standard
normal random variable. In the transformed space, points associated with the
same probability of exceedance define a circle of radius, β, where β is defined
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as:
β = −Φ−1(PT ) = −Φ−1(2.281× 10−6) = 4.58 (3.7)
Once the U1 and U2 pairs along the circle are found, we simply tran-
form these standard normal variables back to the physical randomv ariable
space. [17]. Figure 3.8 shows the resulting Rosenblatt-based contour as well
as the selected sea states for the analysis. For each of the selected sea states,
15 1-hour simulations were run and the 1-hour extreme value was extracted
from each simulation. The largest of the median 1-hour extreme values from
the chosen sea states is the design load.
3.5 Long-Term Response Predictions
Figures 3.9 and 3.10 show the median response levels used in the en-
vironmental contour analysis. Generally, we note that there is a increase in
response level with increasing significant wave height. This suggests that the
WEC model is more sensitive to changes in Hs than Tp.
The converged accuracy of the direct integration answer can be achieved
in two ways: 1) by refining the grid/binning resolution; and 2) by obtaining
more accurate short-term extreme distributions. To accomplish the second of
these two options, additional simulations need to be run in each bin to gain a
better understanding and more data for the short-term response. Figures 3.11
and 3.12 show how the direct integration results change as the number of simu-
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Figure 3.8: Rosenblatt contour and selected sea states based on the original
metocean data
lations per sea state increases. With 30 simulations, the results appear to have
converged for the selected gridding scheme. Additionally, results from Monte
Carlo simulation (MCS) appear to have the same trend as the long-term distri-
bution from direct integration, even though there are not enough simulations
carried out with MCS to reach the desired probability of exceedance level. One
may extrapolate the Monte Carlo results to the target probability level since
the trend is evident; the direct integration results match this trend very well.
Table 3.2 compares long-term load evaluations from both of the meth-
ods (DI and EC). The addition of one standard deviation to the environmental
contour value as well as the controlling sea states are also listed.
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Figure 3.9: Environmental contour (EC) method values for PTO extension at
the selected sea states along the 50-year contour
As one can see from Table 3.2, the long-term values from direct inte-
gration are higher than those from the environmental contour method, even
with the addition of one standard deviation to the conventional EC method’s
prediction. We should note that direct integration is performed only over an
area in the sea state space and that short-term extreme values can change
depending on the load level. In the environmental contour method, only the
median load is considered, which doesn’t take into consideration load vari-
ability. Although seemingly more accurate, direct integration requires nearly
5 times the computational effort needed with the contour approach. The DI
computational time would increase further if we used a finer gridding scheme,
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Figure 3.10: EC method values for PTO force at the selected sea states along
the 50-year contour
which is discussed in the next section.
3.5.1 Finer Discretization of Bins with Direct Integration
As discussed earlier, one way to gain more accurate direct integration
long-term response predictions is to employ a finer discretization of sea state
bins. However, this adds computational time and costs. Instead, we note
that only a subset of sea states contribute the bulk of the direct integration
result. Hence, the proposed refinement is based on the fact that some sea
states cannot produce large loads obtained by direct integration, even if they
are associated with a high probability of occurrence. We study the product
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Figure 3.11: Long-term probability distribution plots for PTO extension using
direct integration (DI) and Monte Carlo simulation (MCS). These results are
also compared against the EC method and for the “EC plus one standard
deviation” values
of the short-term extreme distribution function and the probability of bin
occurrence values to gain a better understanding of which bins are important
in the overall direct integration. In this manner, we concentrate bin refinement
on only the most significant bins without adding an excessive number of new
simulations. Figure 3.13 shows the refinement of some important bins and the
resulting new representative sea states. These new smaller bins are important
because the product of their short-term extreme response probability and the
bin probability makes up a large portion of the overall direct integration.
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Figure 3.12: Long-term probability distribution plots for PTO force using
direct integration (DI) and Monte Carlo simulation (MCS). These results are
also compared against the EC method and for the “EC plus one standard
deviation” values
Figures 3.14 and 3.16 show the effect of the refined binning as well as that of
increasing the number of simulations.
Similar to the original binning of the Hs-Tp data, increasing the num-
ber of simulations changes the direct integration results. Long-term response
results obtained with the new grid are somewhat larger than those with the
original binning, as shown in Table 3.3. If an even finer grid is used, we
would expect an even more accurate direct integration result than both of the
previous gridding schemes.
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Table 3.2: Long-term responses for each of the different methods used in this
study
Response DI
EC (+ 1 Standard
Deviation)
Controlling Sea
State (Hs, Tp)
PTO Extension
[m]
4.92 4.19 (4.76) (8.21 m, 14.35 s)
PTO Force
[MN]
2.72 2.41 (2.70) (8.42 m, 17.68 s)
Table 3.3: Comparison of direct integration results with a finer bin discretiza-
tion scheme
Response DI Refined DI
PTO Extension
[m]
4.92 5.40
PTO Force
[MN]
2.72 2.92
3.6 Conclusions
The sustainability of a centipod WEC in rare sea states at its deploy-
ment site is crucial for the design considerations and operational efficiency of
the device. A full long-term approach was carried out for two quantities of
interest for the centipod: the PTO extension and force. The analysis consisted
of two methods commonly used to evaluate long-term response variables along
with Monte Carlo simulation used for validation. The results from these meth-
ods appear to be rational and consistent, which is expected since parametric
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Figure 3.13: Refined binning used in the direct integration method
modeling techniques were used in all cases. Using the refined direct integration
results, we predict 50-year loads for this device at the chosen deployment site
to be 5.40 meters for the PTO extension and 2.92 meganewtons for the PTO
force. The 50-year values from the environmental contour method for these
two quantities of interest are 4.19 meters and 2.41 meganewtons, respectively.
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Figure 3.14: Long-term probability distribution plots for PTO extension using
the refined DI grid
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Figure 3.15: Long-term probability distribution plots for PTO force using the
refined DI grid
Figure 3.16: Long-term plots for PTO force using the refined DI grid
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